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(57) Abstract 

A speech/musk discriminator employs data 
from multiple features of an audio signal (10) as 
input to a classifier (16). Some of the feature 
data is determined from individual frames of the 
audio signal and other input data is based upon 
variations of a feature over several frames, to 
distinguish the changes in voiced and unvoiced 
components of speech from the more mn ** a> !t 
characteristics of music. Several different types 
of classifiers for labeling test points on the basts 
of the feature data are disclosed. A preferred 
set of classifiers is based upon variations of a 
nearest-neighbor approach, including a K-d tree 
spatial partitioning technique. 
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MULTI-FEATURE SPEECH/MUSIC DISCRIMINATION SYSTEM 

Field of the Invention 

The present invention is directed to the analysis of audio signals, and more 
5 particularly to a system for discriminating between different types of audio signals on 
the basis of whether their content is primarily speech or music. 

Background of the Invention 

There are a variety of situations in which, upon receiving an audio input 

10 signal, it is desirable to label the corresponding sound as either speech or music. For 
example, some signal compression techniques are more suitable for speech signals, 
whereas other compression techniques may be more appropriate for music. By 
automatically determining whether an incoming audio signal contains speech or music 
information, the appropriate compression technique can be applied. Another potential 

IS application for such discrimination relates to automatic speech recognition that is 
performed on a multi-media sound object, such as a film soundtrack. As a 
preprocessing step in such an application, the segments of sound which contain speech 
must first be identified, so that irrelevant segments can be filtered out before the 
speech recognition techniques are employed. In yet another application, it may be 

20 desirable to construct radio receivers that are capable of making decisions about the 
content of input signals from various radio stations, to automatically switch to a 
station having desired content ami/or mute undesired content. 

Depending upon the particular application, the design criteria for an acceptable 
speech/music discriminator may vary. For example, in a multi-media processing 

25 system, the sound analysis can be carried out in a non-real-time manner. 

Consequently, the processing speeds can be relatively slow. In contrast, for a radio 
receiver application, real-time analysis is highly desirable, and therefore the 
discriminator must have low operating latency. In addition, to provide a low-cost 
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product that is accepted by consumers, the memory requirements for the 
discrimination process should be relatively small. Preferably, therefore, a 
speech/music discriminator having utility in a variety of different applications should 
meet the following criteria: 
5 Robustness - the discriminator should be able to distinguish speech from music 

throughout a broad signal domain. Human listeners are readily able to distinguish 
speech from music without regard to the language, speaker, gender or rate of speech, 
and independently of the type of music. An acceptable speech/music discriminator 
should also be able to reliably perform under these varying conditions. 

10 Low latency - the discriminator should be able to label a new audio signal as 

being either speech or music as quickly as possible, as well as to recognize changes 
from speech to music, or vice versa, as quickly as possible, to provide utility in 
situations requiring real-time analysis. 

Low memory requirements - to minimize die cost of devices incorporating the 

15 discriminator, the amount of information that is required to be stored at any given 
time should be as low as possible. 

High accuracy - to be truly useful, the discriminator should operate with 
relatively low error rates. 

In the analysis of audio signals to distinguish speech from music, there are two 

20 major factors to be considered, namely the types of inherent information in the signal 
that can be analyzed for speech or music characteristics, and the classification 
technique that is used to discriminate between speech and music based upon such 
information. Early generation discriminators utilized only one particular item of 
information, or feature, of a sound signal to distinguish music from speech. For 

25 example, U.S. Patent No. 2,761,897 discloses a system in which rapid drops in the 
level of an audio signal are measured. If the number of changes per unit time is 
sufficiently high, the sound is labeled as speech. In this type of system, the 
classification technique is based upon simple thresholding, i.e., whether the number of 
rapid changes per unit time is above or below a threshold value. Other examples of 

30 speech/music discriminating devices which analyze a single feature of an audio signal 
are disclosed in U.S. Patent Nos. 4,441,203; 4,542,525 and 5,375,188. 
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More recently, speech/music discrimination techniques have been developed in 
which more than one feature of an audio signal is analyzed to distinguish between 
different types of sounds. For example, one such discrimination technique is 
disclosed in Saunders, "Real-time Discrimination Of Broadcast Speech/Music/ 
5 Proceedings of IEEE ICASSP, 1996, pages 993-996. In this technique, statistical 
features which are based upon the zero-crossing rate of an audio signal are computed, 
and form one set of inputs to a classifier. As a second type of input, energy-based 
features are utilized. The classifier in this case is a multivariate Gaussian classifier 
which separates the feature space into two domains, respectively corresponding to 

10 speech and music* 

As illustrated by the Saunders article, the accuracy with which an audio signal 
can be classified as containing either speech or music can be significantly increased by 
considering multiple features of a sound signal. It is one object of the present 

invention to provide a speech-music discriminator in which the analysis of an audio 

IS signal to classify its sound content is based upon an optimum combination of features 
for a given environment. 

Depending upon the number and type of features that are considered in the 
analysis of the audio signal, different classification frameworks may exhibit different 
degrees of accuracy. The primary objective of a multi-variate classifier, which 

20 receives multiple type of inputs, is to account for variances between classes of input 
that can be explained in terms of interactions between the measured features. In 
essence, every classifier determines a "decision boundary" in die applicable feature 
space. A maximum a posteriori Gaussian classifier, such as that described in the 
Saunders article, defines a quadric surface, such as a hyperplane, hypersphere, 

25 hyperellipsoid, hyperparaboloid, or the like, between the classes. All data points on 
one side of this boundary are classified as speech, and all points on the other are 
considered to be music. This type of classifier may work well in those situations 
where the data can be readily divided into two distinct clusters, which can be 
separated by such a simple decision boundary. However, there may be situations in 



-3- 



WO 98/27543 



PCT7US97/21634 



which the dispersion of the data for the different classes is somewhat homogenous 
within the feature space. In such a case, the Gaussian decision boundary is not as 
reliable. Accordingly, it is another object of the present invention to provide a 
speech/music discriminator having a classifier that permits arbitrarily complex 
5 decision boundaries to be employed, and thereby increase the accuracy of the 
discrimination. 

Summary of the Invent™ 

In accordance with one aspect of the present invention, a set of features is 
provided which can be selectively employed to distinguish speech content from music 
in an audio signal. In particular, eight different features of a digital audio signal can 
be measured to analyze the signal. In addition, higher level information is obtained 
by calculating the variance of some of these features within a predefined time 
window. More particularly, certain features differ in value between voiced and 
unvoiced speech. If both types of speech are captured within the time window, the 
variance will be relatively high. In contrast, music is likely to be constant within the 
time window, and therefore will have a lower variance value. The differences in the 
variance values can therefore be employed to distinguish speech sounds from music. 
By combining data from some of the base features with data from other features, such 
as the variance features, significant increases in the discrimination accuracy are 
obtained. 

In another aspect of the invention, a "nearest-neighbor" type of classifier is 
used to distinguish speech data samples from music data samples. Unlike the 
Gaussian classifier, the nearest-neighbor classifier estimates local probability densities 
within every area of the feature space. As a result, arbitrarily complex decision 
boundaries can be generated. In different embodiments of the invention, different 
types of nearest-neighbor classifiers are employed. In the simplest approach, the 
nearest data point in the feature space to a sample data point is identified, and the 
sample is labeled as being of the same class as the identified nearest neighbor. In a 
second embodiment, a number of data points within the feature space that are nearest 
to the sample data point are determined, and the new sample point is classified by a 
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Figure 7c is a graph showing the power spectra for voiced speech and a 
smoothed version of the speech signal; 

Figures 8a and 8b are graphs depicting variances between speech and music 
signals, in general; 

5 Figures 9a and 9b are histograms of the variation in spectral flux for speech 

and music signals, respectively; 

Figures 10a and 10b are histograms of the proportion of low energy frames for 
speech and music signals, respectively; 

Figure 11 is a block diagram of a speech modulation detector; 
10 Figures 12a and 12b are histograms of the 4 Hz modulation energy for speech 

and music signals, respectively; 

Figure 13 is a block diagram of a circuit for determining the pulse metric of 
signals, along with corresponding signal graphs for two bands at each stage of the 
circuit; 

IS Figures 14a and 14b are histograms of the pulse metric for speech and music 

signals, respectively; 

Figure IS is a graph illustrating the probability distributions of two measured 
features; 

Figure 16 is a more detailed block diagram of a discriminator; and 
20 Figure 17 is a graph illustrating an example of speech/music decisions for a 

sequence of frames. 

Detailed Description 

In the following discussion of various embodiments of the invention, it is 

25 described in die context of a speech/music discriminator. In other words, all input 
sounds are considered to fall within one of the two classes of speech or music. In 
practice, of course, other components can also be present within an audio signal, such 
as noise, silence or simultaneous speech and music. In some situations where these 
other types of data are present in the audio signal, it might be more desirable to 

30 employ the invention as a speech detector or a music detector. A speech detector can 
be considered to be different from a speech/music discriminator, in the sense that the 
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output of the detector is not labeled as speech or music. Rather, the audio signal is 
classified as either "speech" or "non-speech", in which the latter class consists of 
music, noise, silence and any other audio-related component that is not classified as 
speech per se. Such a detector may be useful, for example, in an automatic speech 
recognition context. 

The general construction of a speech-music discriminator in accordance with 
the present invention is illustrated in block diagram form in Figure 1. An audio 
signal 10 to be classified is fed to a feature detector 12. If the audio signal is in 
analog form, for example a radio signal or the output signal from a microphone, it is 
first converted into a digital format. Within the feature detector, the digital signal is 
analyzed to measure various quantifiable components that characterize the signal. The 
individual components, or features, are described in detail hereinafter. Preferably, 
the audio signal is analyzed on a frame-by-frame basis. Referring to Figure 2, for 
example, an audio signal 10 is divided into a plurality of overlapping frames. In the 
15 preferred embodiment illustrated therein, each frame has a length of about 40 

milliseconds, and adjacent frames overlap one another by one-half of a frame, e.g. 20 
milliseconds. Each feature is measured over the duration of each fuU frame. In 
addition, for some of the features, the variation of that feature's value over several 
frames is determined. 

After the values for all of the features have been determined for a given frame, 
or series of frames, they are presented to a selector 14. Depending upon the 
particular application, certain combinations of features may provide more accurate 
results than others. In this regard, it is not necessarily the case that the classification 
accuracy increases with the number of features that are analyzed. Rather, the data 
that is provided with respect to some features may decrease overall performance, and 
therefore it is preferable to eliminate the data of those features from the classification 
process. Furthermore, by reducing the total number of features that are analyzed, the 
amount of data to be interpreted is reduced, thereby increasing the speed of the 
classification process. The best set of features to employ is empirically determined 
30 for different situations, and is discussed in detail hereinafter. 



20 



25 
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The data for the appropriately selected features is provided to a classifier 16. 
Depending upon the number of features that are selected, as well as the particular 
features themselves, one type of classifier may provide better results than others. For 
example, a Gaussian classifier, a nearest-neighbor classifier, or a neural network 

5 might be used for different sets of features. Conversely, if a particular classifier is 
preferred, the set of features which function best with that classifier can be selected in 
the feature selector 14. The classifier 16 evaluates the data from the various features, 
and provides an output signal which labels each frame of the input audio signal 10 as 
either speech or music. 

10 For ease of comprehension, the feature detector 12, the selector 14, and the 

classifier 16 are illustrated in Figure 1 as separate components. In practice, some or 
all of these components can be implemented in a computer which is suitably 
programmed to carry out their functions. 

Individual features that can be employed in the classification of an audio signal 

15 will now be described in connection with representative pairs of histograms depicted 
in Figures 3-14. These figures pertain to a variety of different types of audio signals 
that were sampled at a rate of 22,050 samples per second and manually labelled as 
being speech or musk. In the figures, the upper histogram of a pair depicts measured 
results for a number of samples of speech data, and the lower histogram depicts 

20 values for samples of music data. In all of the histograms, a log transformation is 
employed to provide a monotonic normalization of the values for the features. This 
normalization is preferred, since it has been found to improve the spread and 
conformity of the data over the applicable range of values. Thus, the x-axis values 
can be negative, for features in which the measured result is a fraction less than one, 

25 as well as positive. The y-axis represent the number of frames in which a given value 
was measured for that feature. 

The histograms depicted in the figures are representative of the different 
results between speech and music that might be obtained for the respective features. 
In practice, actual results may vary, in dependence upon factors such as the size and 

30 makeup of the set of known samples that are used to derive training data, 

preprocessing of the signals that is used to generate spectrograms, and the like. 
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One of the features, depicted in Figure 3a and 3b, is the spectral centroid, 
which represents the balancing point of the spectral power distribution within a frame. 
Many types of music involve percussive sounds which, by including high-frequency 
noise, result in a higher spectral mean. In addition, excitation energies can be higher 
for music than for speech, in which pitch stays within a range of fairly low values. 
As a result, the spectral centroid for music is, on average, higher than that for 
speech, as depicted in Figure 3b. In addition, the spectral centroid has higher values 
for unvoiced speech than it does for voiced speech. The spectral centroid for a frame 
occurring at time t is computed as follows 

^kXJLk] 
SC t - K 



where * is an index corresponding to a frequency, or small band of frequencies, 
within the overall measured spectrum, and X^k] is the power of the signal at the 
corresponding frequency band. 

Another analysis feature, depicted in Figures 4a and 4b, is known as the 
spectral flux. This feature measures frame-to-frame spectral difference. Speech has a 
higher rate of change, and goes through more drastic frame-to-frame changes than 
music. As a result, the spectral flux value is higher for speech, particularly unvoiced 
speech, than it is for music. Also, speech alternates periods of transition, such as the 
boundaries between consonance and vowels, with periods of relative stasis, i.e. vowel 
sounds, whereas musk: typically has a more constant rate of change. Consequently, 
the spectral flux is highest at the transition between voiced and unvoiced sounds. 

Another feature which is employed for speech/music discrimination is the zero- 
crossing rate, depicted in Figures 5a and 5b. This value is a measure of the number 
of time-domain zero-voltage crossings within a speech frame. In essence, the zero- 
crossing rate indicates the dominant frequency during the time period of the frame. 
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The next feature, depicted in Figures 6a and 6b, is the spectral roll-off point. 
This value measures the frequency below which 95% of the power in the spectrum 
resides. Music, due to percussive sounds, attack transients, and the like, has more 
energy in the high frequency ranges than speech. As a result, the spectral roll-off 
5 point exhibits higher values for music and unvoiced speech, and lower values for 
voiced speech. The spectral roll-off value for a frame is computed as follows: 

SR< = K, where 



10 



The next feature, depicted in Figures 7a and 7b, comprises the cepstrum 



resynthesis residual magnitude. The value for this feature is determined by first 
computing the cepstrum of the spectrogram by means of a Discrete Fourier 
Transform, as described for example in Bogert et al, The Frequency Analysis of Time 

15 Series for Echoes: Cepstrum. Pseudo-autocovariance. Cross-Cepstrum. and Saohe 
Cracking. John Wiley and Sons, New York 1963, pp 209-243. The result is then 
smoothed over a time window, and the sound is resynthesized. The smooth spectrum 
is then compared to the original (unsmoothed) spectrum, to obtain an error value. A 
better fit between the two spectra is obtained for unvoiced speech than for voiced 

20 speech or music, due to the fact that unvoiced speech better fits a homomorphic 

single-source filter model than does music. In other words, the error value is higher 
for voiced speech and music. Figure 7c illustrates an example of the difference 
between the smoothed and unsmoothed spectra for voiced speech. The cepstrum 
resynthesis residual magnitude is computed as follows: 



25 



-10- 



WO 98/27543 



PCT/US97/21634 



where Y t [k] is the resynthesized smoothed spectrum. 

In addition to each of the five features whose histograms are depicted in 
Figures 3-7, it is also desirable to determine the variance of these particular features. 
The variance is obtained by calculating the amount which a feature varies within a 
suitable time window, e.g. the difference between maximum and minimum values in 
the window. In one embodiment of the invention, the time window comprises one 
second of feature data. Thus, for the example illustrated in Figure 2, in which 
overlapping frames of 40 millisecond duration are employed, each one-second window 
contains 50 data points. Each of the features described above differs in value between 
voiced and unvoiced speech. By capturing periods of both types of speech within a 
window, a high variance value will result, as shown in Figure 8a. In contrast, as 
depicted in Figure 8b, music is likely to be more constant with regard to the 
individual features during a one-second period, and consequently will have lower 
variance values. Figures 9a and 9b illustrate the histograms of log-transformed values 
for the variance of spectral flux. In comparison to the actual spectral flux values, 
depicted in Figures 4a and 4b, it can be seen that the variance feature provides a 
much better discriminator between speech and music. 

Another feature comprises the proportion of "low-energy" frames. In general, 
the energy envelope for music is flatter than for speech, due to the fact that speech 
has alternating periods of energy and silence, whereas music generally has continuous 
energy. The percentage of low energy frames is measured by calculating the mean 
RMS power within a window of sound, e.g. one second, and counting the number of 
individual frames within that window having less than a fraction of the mean power. 
For example, all frames having a measured power which is less than 50% of the mean 
power, can be counted as low energy frames. The number of such frames is divided 
by the total number of frames in the window, to provide the value for this feature. 
As depicted in Figures 10a and 10b, this feature provides a measure of the skewness 
of the power distribution, and has a higher value for speech than for music. 

Another feature is based upon the modulation frequencies for typical speech. 
The syllabic rate of speech generally tends to be centered around four syllables per 
second. Thus, by measuring the energy in a modulation band centered around this 

-11- 
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frequency, speech can be more readily detected. One example of a speech modulation 
detector is illustrated in Figure 11. Referring thereto, the energy spectrogram of an 
audio input signal is calculated, and various frequency ranges are combined into 
channels, in a manner analogous to MFCC analysis. For example, as discussed in 
5 Hunt et al, "Experiments in Syllable-Based Recognition of Continuous Speech," 
ICASSP Proceedings, April 1980, pp. 880-883, the power spectrum can be divided 
into twenty channels of equal width. Within each channel, the signal is passed 
through a four Hz bandpass filter, to obtain the components of the signal at the speech 
modulation rate. The output signal from this filter is squared to obtain energy at that 

10 rate. This energy signal and the original spectrogram signal are low-pass filtered, to 
obtain short term averages. Hie four Hz modulation energy signal is then divided by 
the frame energy signal to get a normalized speech modulation energy value. The 
resulting values for speech and music data are depicted in Figures 12a and 12b. 
_ The last measured feature, known as the pulse metric, indicates whether there 

15 is a strong, driving beat in an audio signal, as is characteristic of certain types of 

music. A strong beat leads to broadband rhythmic modulation in the audio signal as a 
whole. In other words, regardless of any particular frequency band that is 
investigated, the same rhythmic regularities appear. Thus, by combining 
autocorrelations in different bands, the amount of rhythm can be measured. 

20 Referring to Figure 13, a pulse detector is illustrated, along with the output 

signals for two bands at each stage of the detector. An audio input signal is provided 
to a filter bank, which divides it into six frequency bands in the illustrated 
embodiment. Each band is rectified, to determine the total power, or energy 
envelope, and passed through a peak detector, which approximates a pulse train of 

25 onset positions. The pulse trains then go through autocorrelation, which provides an 
indication of the modulation frequencies of the power in the signal. If desired, the 
peaks can be smoothed prior to the autocorrelation step. The frequency bands are 
paired, and the peaks in the modulation frequency track are lined up, to provide an 
indication of all of the frequencies at which there is a strong rhythmic content. A 

30 count is made of the number of frequency peaks which are the same in both bands. 
This calculation is made for each of die fifteen possible pairs of bands, and the final 

-12- 
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sum is taken as the pulse metric. The relative pulse metric values for speech data and 
music data are illustrated in the histograms of Figures 14a and 14b. 

By analyzing the information provided by the foregoing features, or some 
subset thereof, a discriminator can be constructed which distinguishes between speech 
data and music data in an audio input signal- Figure 15 depicts log transformed data 
values for two individual features, namely spectral flux variance and pulse metric, as 
well as their distribution in a two-dimensional feature space. The speech data is 
depicted by heavier histogram lines and data points, and the music data is represented 
by lighter lines and data points. As can be seen from the figure, there is significant 
overlap of the histogram data when the features are viewed individually, but much 
better discrimination between data points when they are considered together, as 
illustrated by the ellipses which indicate the mean and variance of each set of data. 

Figure 16 is a more detailed block diagram of a discriminator which is based 
upon the features described above. A sampled input audio signal is first processed to 
obtain its spectrogram, energy content and zero-crossing rate in corresponding signal 
processing modules 12a, 12b an 12c. The values for each of these features is stored 
in a cache memory associated with the respective modules. Depending upon available 
memory, the data for a number of consecutive frames might be stored in each cache 
memory. For example, a cache memory might store the measured values for the 
most recent 150 frames of the input signal. From the data stored in these cache 
memories, additional feature values for the audio signal, as well as their variances, 
are calculated and stored in corresponding cache memories. 

In a preferred embodiment of the invention, each measured feature is stored as 
a separate data structure. The elements of a data structure might include the name of 
the source data from which the feature is calculated, the sample rate, the size of the 
measured data value (e.g. number of bytes stored per sample), a pointer to the cache 
memory location, and the length of an input window, for example. 

A multivariate classifier 16 is employed to account for variances between 
classes that can be defined with respect to interrelationships between different 
features. Different types of classifiers can be employed to label input signals 
corresponding to the various features. In general, a classifier is based upon a model 

-13- 



WO 98/27543 



PC17US97/21634 



which is constructed from a set of known data samples, e.g. training samples. The 
training samples define points in a feature space that are labeled according to their 
class. Depending upon the type of classifier, a decision boundary is formed within the 
feature space, to distinguish the different classes of data. Thereafter, the locations for 
5 unknown input data samples are determined within the feature space, and these 
locations determine the label to be applied to the data samples. 

One type of classifier is based upon a maximum a posteriori Gaussian 
framework. In this type of classifier, each of the training classes, namely speech data 
and music data, is modeled with a single full covariance Gaussian model. Once the 

10 models have been constructed, new data points are classified by comparing the 
location of the point in feature space to the locations of the class centers for the 
models. Any suitable distance metric within the feature space can be employed, such 
as the Mahalanobis distance. This type of Gaussian classifier utilizes a quadric 
surface as the boundary, between classes. All points on one side of this boundary are 

IS classified as speech, and all points on the other side are labeled as music. 

Another type of classifier is based upon a Gaussian mixture model. In this 
approach, each class is modeled as a weighted mixture of diagonal -covariance 
Gaussians. Every data point in the feature space has an associated likelihood that it 
belongs to a particular Gaussian mixture. To classify an unknown data point, the 

20 likelihoods of the different classes are compared to one another. The decision 

boundary that is formed in the Gaussian mixture model is best described as a union of 
quadrics. For every Gaussian in the model, another boundary is employed to partition 
the feature space. Each of these boundaries is oriented orthogonally to the feature 
axes, since die covariance of each class is forced to be diagonal. For further 

25 information pertaining to Gaussian classifiers, reference is made to Duda and Hart, 
Pattern Recognition and Scene Analysis . John Wiley and Sons, 1973. 

Another type of classifier, and one which is preferred in the context of the 
present invention, is based upon a nearest-neighbor approach. In a nearest-neighbor 
classifier, all of the points of a training set are placed in a feature space having a 

30 dimension for each feature that is employed. In essence, each data point defines a 
vector in the feature space. To classify a new point, the local neighborhood of the 
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feature space is examined, to identify the nearest training points. In a "strict" nearest 
neighbor approach, the test point is assigned the same class as the closest training 
point to it in the feature space. In a variation of this approach, a number of the 
nearest neighbor points are identified, and the classifier conducts a class vote among 
5 these nearest neighbors. For example, if the five nearest neighbors of the test point 
are selected, the test point is labeled with the same class as that to which at least three 
of these nearest neighbor points belong. In a preferred implementation of this 
embodiment, the number of nearest neighbors which are considered is small, but 
greater than unity, for example three or five nearest data points. The nearest 
10 neighbor approach creates an arbitrarily complex linear decision boundary between the 
classes. The complexity of the boundary increases as more training data is employed 
to define points within the feature space. 

Another variant of the nearest neighbor approach is based upon spatial 
partitioning techniques. One common type of spatial partitioning approach is based 
15 upon the K^l tree algorithm. For a detailed discussion of this algorithm, reference is 
made to Qmohundro, "Geometric Learning Algorithms" Technical Report 89-041, 
International Computer Science Institute, Berkeley, CA, October 30, 1989 (URL: 
gopher://smorgasbord.I(SI.Ber^ 

041.ps.Z), the disclosure of which is incorporated herein by reference. In general, a 
K-d tree is constructed by recursively partitioning the feature space into rectangular, 
or hyperrectangular, regions. The dimension along which the features vary the most 
is first selected, and the training data is split on the basis of that dimension. This 
process is repeated, one dimension at a time, until the number of training points in a 
local region of the feature space is small. At that point, a vote is taken among the 
training points in the region, to assign it to a class. Thereafter, when a new test point 
is to be labeled, a determination is made as to which region of the feature space it lies 
within. The test point is then labeled with the class assigned to that region. The 
decision boundaries that are formed by the K-d tree are known as "Manhattan 
surfaces", namely a union of hyperplanes that are oriented orthogonally to the feature 
axes. 
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As noted previously, the accuracy of the discriminator does not necessarily 
increase with the addition of more features as inputs to the classifier. Rather, 
performance can be enhanced by selecting a subset of the full feature set. Table 1 
illustrates the mean and standard-deviation error (expressed as a percentage) that were 
5 obtained by utilizing different subsets of features as inputs to a k-d spatial classifier. 



Classifier 


Speech 


Music 


Total 


Subset 


Error 


Error 


Error 


All features 


5.8 ± 2.1 


7.8 ± 6.4 


6.8 ± 3.5 


Best 8 


6.2 ± 2.2 


7.3 ± 6.1 


6.7 ± 3.3 


Best 3 


6.7 ± 1.9 


4.9 ± 3.7 


5.8 ± 2.1 


Best 1 


12 ± 2.2 


15 ± 6.4 


13 ± 3.5 



15 

As can be seen, the use of only a single feature adversely affects classification 
performance, even when the feature exhibiting the best results, in this case the 
variation of spectral flux, is employed. In contrast, results are improved when certain 

20 combinations of features are employed. In the example of Table 1, the "Best 3" 

subset is comprised of the variance of spectral flux, proportion of low-energy frames, 
and pulse metric. The "Best 8" subset contains all of the features which look at more 
than one frame of data, namely the 4 Hz modulation, percentage of lower energy 
frames, variation in spectral roll-off, variation in spectral centroid, variation in 

25 spectral flux, variation in zero-crossing rate, variation in cepstral residual error, and 
pulse metric. As can be seen, there is relatively little advantage, if any, by using 
more than three features, particularly for the detection of music. Furthermore, the 
smaller number of features permits the classification to be carried out faster. 

It is useful to note that the performance results depicted in Table 1 are based 

30 on frame-by-frame error. However, audio signals rarely, if ever, switch between 
speech and music on a frame-by-frame basis. Rather speech and music are more 
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likely to persist over longer periods of time, e.g. seconds or minutes, depending on 
the context. Thus, where it is known a priori that the speech and music content exist 
for longer stretches of an audio signal, mis information can be employed to increase 
the performance accuracy of the classifier. 

For instance, a sliding window can be employed to evaluate individual 
speech/music decisions over a number of frames to produce a final result. Figure 17 
illustrates an example of speech/music decisions that might be made for a series of 
successive frames by the classifier 16. As can be seen, for the first half of the signal, 
most of the frames are classified as music, but a small number are labelled as speech 
within this segment. Similarly, the latter half of the signal contains primarily speech 
frames, with a few exceptions. In the context of a radio broadcast, it can be safely 
assumed that the shortest segments of speech and music will each have a duration of 
at least 5 seconds. Thus, if "speech" decision endures for only a few frames of the 
audio signal, that decision can be ignored and the signal labelled as music, as in the 
first half of the signal in Figure 17. 

In practice, the decision for individual frames that are made by the classifier 
16 can be provided to a combiner, or windowing unit, 18 for a final decision. In the 
combiner, a number of successive decisions are evaluated, and the final output signal 
is switched from speech to music, and vice versa, only if a given decision persists 
over a majority of a certain number of the most recent frames. In one embodiment of 
the invention utilizing a window of 2.4 seconds, the total error rate dropped to 1.4%. 
The actual number of frames mat are examined will be determined by consideration of 
latency and performance. Longer latency provides better performance, but may be 
undesirable where real-time response is required. The most appropriate size for the 
window will therefore vary with the intended application for the discriminator. 

It will be appreciated by those of ordinary skill in the art that the present 
invention can be embodied in other specific forms without departing from the spirit or 
essential characteristics thereof. The presently disclosed embodiments are considered 
in all respects to be illustrative, and not restrictive. The scope of the invention is 
indicated by the appended claims, rather than the foregoing description, and all 
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changes that come within the meaning and range of equivalence thereof are intended 
to be embraced therein. 
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Claims- 

1 . A method for discriminating between speech and music content in an 
audio signal, comprising the steps of: 

selecting a set of audio signal samples; 

measuring values for a plurality of features in each sample of said set 

of samples; 

defining a multi-dimensional feature space containing data points which 
respectively correspond to the measured feature values for each sample, and labelling 
each data point as relating to speech or music; 

measuring feature values for a test sample of an audio signal and 
determining a corresponding data point in said feature space; 

determining the label for at least one data point in said feature space 
which is close to the data point corresponding to said test sample; and 

classifying the test sample in accordance with the determined label. 

2. The method of claim 1 wherein said determining step comprises 
determining the label for the data point in said feature space which is nearest to the 
data point for said test sample. 

3. The method of claim 1 wherein said determining step comprises the 
steps of identifying a plurality of data points which are nearest to the data point for 
said test sample, and selecting the label which is associated with a majority of the 
identified data points. 

4. The method of claim 1 wherein said deterniining step comprises the 
steps of dividing the feature space into regions in accordance with said features, 
labelling each region as relating to speech data or music data in accordance with the 
labels for the data points in the region, and detennining the region in said feature 
space in which the data point for said test sample is located. 
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5- The method of claim 1 wherein one of said features is the variation of 
spectral flux among a series of frames of the audio signal. 

6. The method of claim 1 wherein one of said features is a pulse metric 
which identifies correspondence of modulation frequency peaks in different respective 
frequency bands of the audio signal. 

7. The method of claim 1 wherein one of said features is measured by the 
steps of determining the mean power for a series of frames of said audio signal, and 
determining the proportion of frames in said series whose power is less than a 
predetermined fraction of said mean power. 

8. The method of claim 1 wherein one of said features is the proportion of 
energy in the audio signal having speech modulation frequencies. 

9. The method of claim 8 wherein said speech modulation frequencies are 
around 4 Hz. 

10. The method of claim 1 wherein said audio signal is divided into a 
sequence of frames, and wherein values for some of said features are measured for 
individual frames, and values for others of said features relate to variations of 
measured values over a series of frames. 

11. The method of claim 1 wherein said audio signal is divided into a 
sequence of frames and further including the steps of classifying each frame of the 
test sample as relating to speech or music, examining the classifications for a plurality 
of successive frames, and determining a final classification on the basis of the 
examined classifications. 

12. A method for determining whether an audio signal contains music 
content, comprising the steps of: 
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dividing the audio signal into a plurality of frequency bands; 
determining modulation frequencies of the audio signal in each band; 
5 identifying the amount of correspondence of the modulation frequencies 

among the frequency bands; and 

classifying whether audio signal has musical content in dependence 
upon the identified amount of correspondence. 

13. The method of claim 12, wherein the step of determining the 
modulation frequencies in a frequency band comprises the steps of: 

determining an energy envelope of the frequency band; 
identifying peaks in the energy envelope; and 
5 calculating a windowed autocorrelation of the peaks. 

14. The method of claim 12 wherein the step of identifying the amount of 
correspondence of the modulation frequencies comprises the steps of: 

determining peaks in the modulation frequencies for each band; 
selecting a first pair of frequency bands; 
5 counting the number of modulation frequency peaks which are common 

to both bands in the selected pair; and 

repeating said counting step for all possible pairs of frequency bands. 

15. A method for determining whether an audio signal contains speech 
content, comprising the steps of: 

measuring the amount of energy in the audio signal; 
bandpass filtering the audio signal to select components of the signal 
5 having speech modulation frequencies; 

measuring the amount of energy in the filtered components of the 

signal; 

comparing the amount of energy in the filtered components to the 
measured amount of energy in the audio signal, to obtain a speech modulation energy 
10 level; and 
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classifying whether the audio signal has speech content in dependence 
upon the speech modulation energy level. 

16. The method of claim 15, wherein said speech modulation frequencies 
are centered around 4 Hz. 

17. The method of claim IS wherein the audio signal is divided into a 
plurality of frequency bands, and wherein a speech modulation energy level is 
obtained for each band, and the speech modulation energy levels for all bands are 
summed to provide a total speech modulation energy level. 

18. A method for discriminating between speech and music content in 
audio signals that are divided into successive frames, comprising the steps of: 

selecting a set of audio signal samples; 

measuring values of a feature for individual frames in said samples; 
5 determining the variance of the measured feature values over a series of 

frames in said samples; 

defining a multi-dimensional feature space having at least one 
dimension which pertains to the variance of feature values; 

defining a decision boundary between speech and music in said feature 

10 space; 

measuring a feature value for a test sample of an audio signal and a 
variance of a feature value, and determining a corresponding data point in said feature 
space; and 

classifying the test sample in accordance with the location of said 
IS corresponding point relative to said decision boundary. 

19. The method of claim 18 wherein said classifying step comprises 
determining whether a data point in said feature space which is nearest to the data 
point for said test sample pertains to speech or music. 
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20. The method of claim 18 wherein said classifying step comprises the 
steps of identifying a plurality of data points which are nearest to the data point for 
said test sample, and labelling said test sample as speech or music in accordance with 
whether a majority of the identified data points pertain to speech or music. 

21. The method of claim 18 wherein said decision defining step comprises 
the steps of dividing the feature space into regions in accordance with measured 
features and variances, and labelling each region as relating to speech data or music 
data, and said classifying step includes determining the region in said feature space in 
which the data point for said test sample is located. 

22. A method for detecting speech content in an audio signal, comprising 
the steps of: 

selecting a set of audio signal samples; 

measuring values for a plurality of features in samples of said set of 

samples; 

defining a multi-dimensional feature space containing data points which 
respectively correspond to the measured feature values for each sample, and labelling 
whether each data point relates to speech; 

measuring feature values for a test sample of an audio signal and 
determining a corresponding data point in said feature space; 

determining the label for at least one data point in said feature space 
which is close to die data point corresponding to said test sample; and 

indicating whether the test sample is speech in accordance with the 
determined label. 

23. The method of claim 22 wherein said determining step comprises 
determining the label for the data point in said feature space which is nearest to the 
data point for said test sample. 
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24. The method of claim 22 wherein said determining step comprises the 
steps of identifying a plurality of data points which are nearest to the data point for 
said test sample, and selecting the label which is associated with a majority of the 
identified data points. 

25. The method of claim 22 wherein said determining step comprises the 
steps of dividing the feature space into rectangular regions in accordance with said 
features, labelling whether each region relates to speech data in accordance with the 
labels for the data points in the region, and determining the region in said feature 

5 space in which the data point for said test sample is located. 

26. A method for detecting music content in an audio signal, comprising 
the steps of: 

" selecting a set of audio signal samples; 
measuring values for a plurality of features in samples of said set of 

samples; 

defining a multi-dimensional feature space containing data points which 
respectively correspond to the measured feature values for each sample, and labelling 
whether each data point relates to music; 

measuring feature values for a test sample of an audio signal and 
determining a corresponding data point in said feature space; 

determining the label for at least one data point in said feature space 
which is close to the data point corresponding to said test sample; and 

indicating whether the test sample is music in accordance with the 
determined label. 

27. The method of claim 26 wherein said determining step comprises 
determining the label for the data point in said feature space which is nearest to the 
data point for said test sample. 
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28. The method of claim 26 wherein said determining step comprises the 
steps of identifying a plurality of data points which are nearest to the data point for 
said test sample, and selecting the label which is associated with a majority of the 
identified data points. 

29. The method of claim 26 wherein said determining step comprises the 
steps of dividing the feature spaced into rectangular regions in accordance with said 
features, labelling whether each region relates to music data in accordance with the 
labels for the data points in the region, and determining the region in said feature 
space in which the data point for said test sample is located. 
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